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1
TREE-BASED LINEAR REGRESSION FOR
DENOISING

BACKGROUND

With the inclusion of image capture devices as part of an
ever increasing number and variety of devices, the amount of
images and the settings in which those images are captured is
ever increasing. For example, users have ready access to an
image capture device in a variety of different settings through
inclusion on mobile phones, tablet computers, and so on.

Because of the variety in settings, however, the images may
become noisy (e.g., corrupted), such as due to limitations of
the setting (e.g., low light, dusty) and even limitations of the
image capture device itself, such as due to limitations in
capturing motion, resolution, sensitivity, and so forth. Con-
sequently, this noise may interfere with a user’s enjoyment of
the actual image itself.

SUMMARY

Image denoising techniques are described. In one or more
implementations, a denoising result is computed by a com-
puting device for a patch of an image. One or more partitions
are located by the computing device that correspond to the
denoising result and a denoising operator is obtained by the
computing device that corresponds to the located one or more
partitions. The obtained denoising operator is applied by the
computing device to the image.

In one or more implementations, a patch is predicted for
each of a plurality of noisy patches taken from an image by a
computing device by leveraging both a denoising operator
learned from a database of patches that are external to the
image and a set of self-similar patches of the patch that are
included in the image. The image is recovered by aggregating
the predicted patches that overlap.

In one or more implementations, a system includes one or
more modules implemented at least partially in hardware.
The one or more modules are configured to perform opera-
tions that include forming a plurality of partitions of training
samples of images according to clean patches taken from the
images that have that have relatively little to no noise, calcu-
lating a denoising operator for each partition, and providing
the calculated denoising operator for use in performing a
denoising operation for an image in response to identification
of at least one partition that corresponds to a denoising result
for a patch of the image.

This Summary is provided to introduce a selection of con-
cepts in a simplified form that are further described below in
the Detailed Description. This Summary is not intended to
identify key features or essential features of the claimed sub-
ject matter, nor is it intended to be used as an aid in determin-
ing the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is described with reference to the
accompanying figures. In the figures, the left-most digit(s) of
areference number identifies the figure in which the reference
number first appears. The use of the same reference numbers
in different instances in the description and the figures may
indicate similar or identical items.

FIG. 1 is an illustration of an environment in an example
implementation that is operable to employ image denoising
techniques described herein.
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FIG. 2 is an illustration of a system in an example imple-
mentation showing an external database construction module
of FIG. 1 in greater detail.

FIG. 3 is an illustration of a system in an example imple-
mentation showing an image denoising module of FIG. 1 in
greater detail.

FIG. 4 depicts an example implementation showing com-
parison of a result of the tree-based linear regression (TLR)
image denoising technique described herein with other con-
ventional image denoising techniques.

FIG. 5 is a flow diagram depicting a procedure in an
example implementation in which external and internal
patches are utilized to denoise an image.

FIG. 6 is a flow diagram depicting a procedure in an
example implementation in which a partition of an external
database is utilized to assist in denoising an image.

FIG. 7 illustrates an example system generally that
includes an example computing device that is representative
of one or more computing systems and/or devices that may
implement the various techniques described herein.

DETAILED DESCRIPTION

Overview

Image denoising techniques may be utilized to remove
noise (e.g., corruption) from an image that may be introduced
by an image capture device (resolution and light sensitivity,
an environment in which the image was captured (e.g., low
light), and so on). Although conventional techniques have
been introduced to remove noise from an image, these con-
ventional techniques may result in blurring, consume a sig-
nificant amount of resources (e.g., due to a training size
problem for training-based methods), and so on.

Image denoising techniques are described herein. In one or
more implementations, a patch-based approach is leveraged
for image denoising that combines use of similar patches in
the same image and from a set of training images of an
external database. For example, clean patches from the train-
ing images may serve as a basis to form partitions (e.g.,
collections) in the external database and thus serve as patches
that are “external” to an image being denoised. The partitions
of'the external database may then be used to learn a denoising
operator for each partition that, when applied to an image to
be denoised, reduces and even eliminates noise in the image.
Thus, the denoising operator has a corresponding partition
that served as the basis for learning the denoising operator,
which may then be used in a denoising operation.

For example, self-similarity may be used to compute an
initial denoising result for a noisy patch in an image. The
initial denoising result may then be used to locate one or more
of partitions that correspond to that noisy patch. The learned
denoising operator that corresponds to the one or more par-
titions may then be applied to the noisy patch from the image
to denoise the image.

In the following discussion, an example environment is
first described that is operable to perform the image denoising
techniques described herein. Example procedures are then
described, which may be performed in the example environ-
ment. However, it should be noted that the example environ-
ment is not limited to performance of the example procedures
and the example procedures are not limited to performance in
the example environment, the discussion of which being
examples thereof.

Example Environment

FIG. 1 is an illustration of an environment 100 in an
example implementation that is operable to employ denoising
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techniques described herein. The illustrated environment 100
includes a computing device 102 and a plurality of examples
of'an image capture devices 104, which may be configured in
a variety of ways.

The computing device 102, for instance, may be configured
as a desktop computer, a laptop computer, a mobile device
(e.g., assuming a handheld configuration such as a tablet or
mobile phone), and so forth. Thus, the computing device 102
may range from full resource devices with substantial
memory and processor resources (e.g., personal computers,
game consoles) to a low-resource device with limited
memory and/or processing resources (e.g., mobile devices).
Additionally, although a single computing device 102 is
shown, the computing device 102 may be representative of a
plurality of different devices, such as multiple servers utilized
by a business to perform operations “over the cloud” as fur-
ther described in relation to FIG. 7.

The image capture device 104 may also be configured in a
variety of ways. Illustrated examples of such configurations
include a standalone camera such as a dedicated device, part
of' a mobile phone or tablet, and so on. Other examples are
also contemplated. For example, each of the image capture
device 104 may be configured as a single camera, scanner,
copier, mobile device (e.g., smart phone), and so forth. Addi-
tionally, although illustrated separately the image capture
device 104 may be incorporated as part of the computing
device 102, e.g., following the smart phone or tablet example
above.

The image capture device 104 is illustrated as including
image sensors 106 (e.g., a charge coupled device) that are
configured to capture an image 110. The image 110, for
instance, may be formed as a digital image having data
describing values captured by the image sensors 106. Accord-
ingly, the image 110 may be configured in a variety of difter-
ent ways, such as representative in a raw image format, con-
sistent with a Bayer pattern, a RGB image format, and so
forth.

The computing device 102 is illustrated as including an
image processing module 112. The image processing module
112 is representative of functionality to perform one or more
techniques that are usable to process an image. Although
illustrated as implemented locally on the computing device,
functionality of the image processing module may also be
implemented in a distributed environment, remotely via a
network 114 (e.g., “over the cloud”) as further described in
relation to FIG. 7, and so on.

An example of image processing that may be performed by
the image processing module 112 is represented as an exter-
nal database construction module 116 and an image denois-
ing module 118. The external database construction module
116 is representative of functionality to generate an external
database of patches that may be used in denoising the image
110, further discussion of which may be found in relation to
FIG. 2. The image denoising module 118 is representative of
functionality to denoise the image 110, which may include
use of patches taken from the image 110 as well as by lever-
aging denoising operators taken from the external database
constructed by the external database construction module
116. Further discussion of image denoising performed by the
image denoising module 118 may be found in relation to FIG.
3.

In the following discussion, techniques are described in
which patch recurrence in the same image and different
images are combined to perform image denoising. This may
be performed based on several insights. The first insight is
that the space of training samples may be partitioned and a
denoising operator may be learned for each partition. In one
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or more implementations, the partition may be sufficiently
fine-grained so that the training cost is small and thus over-
comes limitations of conventional training techniques, e.g.,
approximately 100,000 to 1,000,000 partitions. The second
insight is that although it is generally not feasible to partition
a space of the noisy patches directly, a space including clean
patches may be partitioned because the latter has greater
sparsity than the noisy patches as further described below.
The third insight is that given a noisy patch, patch recurrence
in the same image may be used to obtain an approximate clean
version that can be used to find the partition.

For example, the external database construction module
116 may partition a large set of natural image patches during
training into clusters according to the clean patches. A denois-
ing operator may then be trained by the image denoising
module 118 for each cluster. For instance, a hierarchical
k-means technique may be used to perform the clustering.
Additionally, the clustering may be performed on mean-ex-
tracted patches to reduce patch complexity. In one or more
implementations, relatively small patch sizes (e.g., 5x5) are
used with fine-grained partitions (e.g., approximately 100,
000 to 1,000,000 partitions) to ensure the patch space is
sufficiently represented by the set of cluster centers. Different
noisy/clean patch pairs for various types and strengths of
noise may then be generated from the partitions, which serve
as a basis for learning the denoising operator.

The external database may then be leveraged by the image
denoising module 118 to perform denoising. First, self-simi-
larity may be used to compute an initial denoising result for a
patch in the image 110 by the image denoising module 118.
Each patch of the image 110 may then be leveraged to locate
a corresponding partition of the external database. Learned
denoising operators that correspond to the located partition
may then be applied to the patch. Mean values of the patch are
computed from the initial denoising result, and may be added
back to the result after applying the learned denoising opera-
tors.

Thus, this approach leverages both cues from self-similar-
ity and external databases by combining them in a unified,
tree-based learning framework. The use of external databases
complements the lack of self-similar examples within the
image, and the use of self-similarity cues allows partitioning
of'the space of image patches with relatively small, noise-free
patches thereby permitting learning tasks to be performed in
an efficient manner. Further description of this and other
examples may be found in the following discussion and
shown in the corresponding figures.

Problem Formulation

Let {Y, X} represent a pair of noisy and clean images. The
image 110 may be represented through overlapping square
patches of size “sxs.” ie., “Y={y,},.1 =~ and “X=
1%,}21 o where“{y,, x,} " refers to a corresponding pair of
noisy and clean patches. In the following discussion, an “sxs”
patch refers to an “s>-by-1" vector unless otherwise men-
tioned.

With a patch-based framework, a clean patch “x” is pre-
dicted from a noisy version “y” by leveraging both a denois-
ing operator learned offline from an external patch database
and a set of self-similar patches of “y” existing in the same
image: “{y’eYld(y’,y<0}” given some distance metric “d.”
Given these patch-wise predictions, the output image “X”
may then be recovered by aggregating each of the resulting
predictions (i.e., approximations) “{X}” on overlapping
patches.

A model that relates the noisy patch with the clean patch
may be expressed as “x=f(y)” where “f” is referred to as a
patch denoising operator. In some instances of use of this
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model, however, an accurate calculation of “f” may be diffi-
cult to learn due to the high degree of freedom of the patch
vector. Therefore, the denoising calculation component (i.e.,
DC component) may be separated out from each patch for
reducing the patch complexity as:

X=Xgt+AX,

where “x,=m(x)=[m m . . . m]? refers to the mean vector of

the patch “x” (where “m” is the average of each of the ele-
ments in “x”) and “Ax” refers to the remaining component
“(x=%o)”

Following the above equation, “x” may be predicted by
first inferring “x,” and then “Ax” using the self-similar
patches and external patch database respectively, and then
aggregate them as follows:

=%y +AX .

Assuming “x,” is known, the denoising operator may be
defined as a function “g” such that “Ax=g(Ay),” where
“Ay=y-x,.” Given a learned “g,” the clean patch “x”* may be
predicted by:

2=Xg +g(-Xg ).

Since natural image statistics does not provide significant
clues on the ‘true’ mean value of a noisy patch, “X; ” is
computed directly using a self-similarity-based denoising
algorithm. The self-similarity based denoising algorithm may
provide a denoising solution “X,” then “¥,; =m(X).” The pre-
dicted mean “%; ” is then used as known information to
estimate “Ax” through the learned denoising operator “g.”” As
“X,” carries most of the information in “x,” “g” has a much
lower degree of freedom compared with ‘f” and so is easier to
learn.

External Database Formation

FIG. 2 depicts a system 200 in an example implementation
showing the external database construction module 116 of
FIG. 1 in greater detail as constructing an external database.
The external database construction module 116 is illustrated
as including a patch collection module 202. The patch col-
lection module 202 is representative of functionality to
sample noise-free images 204 to form patches 206. For
example, patches 206 may be sampled (e.g., randomly) from
a collection of images having little (e.g., low levels) to no
noise, which results in a collection of noise-free patches
“Ix,},_,%,” where “N” is the total number of sampled patches.
In the following, “{x,},_,**" are zero-mean patches, i.e., the
sum of vector elements equals to 1.

The patches 206 are then employed by a partitioning mod-
ule 208 of the external database construction module 116 to
form partitions 210 that include respective subsets of the
image patches 206. For example, a large set of partitions 210
may be used to capture variation of patches 206 taken from
natural images and to make each of the partitions 210 repre-
sent a unique structure with low variance. To support this, fine
grained partitioning may be performed by the partitioning
module 208 as described above, e.g., approximately 100,000
to 1,000,000 partitions.

A hierarchical k-means clustering algorithm may be used
by the partitioning module 208 to partition the input patch
space that includes the patches 206. The partition (i.e., clus-
ter) centers, which may be thought of as leaf nodes in a
tree-like structure, are named as anchor points “{c,},_,”;” for
learning regression functions for denoising as further
described below. The partitioning process in this example is
built using noise-free patches “{Ax,},_,",” which promotes a
focus on modeling the natural image statistics with the set of
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anchor points and excludes the dependency of noise on the
tree structure and the anchor points.

The partitions 210 are then utilized by a denoising operator
learning module 214 to learn a denoising operator 216 for
each of the partitions 210. Continuing with the previous
example, noise may be added to the clean patches 206 “{x,}”
of the external database 212 to derive training patch pairs
“ly,x;},_"”" and mean-subtracted data “{Ay,Ax},_,. A
denoising operator “g” may then be learned through a locally
(or equivalently piece-wise) linear regression model based on
the external database 212. This approach may have a variety
of advantages, including efficiency and ease of optimization
due to linearity.

Given the set of learned anchor points “{c,, . . ., cx},” any
patch “Ax,” may be represented as a weighted average of the
anchor points that fall into its neighborhood “N(Ax,)” as:

AX; =

Z QpC.

L eNG;)

Similar to locally linear embedding (LLE), the weights
“Ja,}” may be estimated as follows:

2

AX;— Z Qp Cp

minimiz
e eNGx;)

{78

2

subject to Zwk =1.
&

The following expression “y,=x,+n” may be used assuming
noise is zero-mean and additive, where “n” is a random noise
vector. The above equation may then be rewritten as:

Ay; =

Z Qpcy + 1.

L eNG)

Suppose the sub-space of mean-subtracted patch
“Y={Ay}” spans a manifold on the s>-dimensional space on
which regression function “g” can be approximated to be
locally linear. Then “g” may be learned on the set of anchor
points “{c,, ..., cx}”

Assuming the function “g” is locally linear, application of
the function to the above equation results in the following:

ghy) = > arglen) +gn).

ceN(;)

[Tt}

Since “n” is a zero-mean noise, it may be assumed that
“g(n)=0" for simplicity of learning the function “g.” Given the
training patch pairs “{Ay,,Ax,},_,",” the function “g” may be

learned on the “K” anchor points as follows:

2
AX; = s

Z o g(ce)

N
minimize E
tate W cxENAY})

i=1

2

where the regression function at each anchor point takes a
linear form: “g(c,)=b,+W,c,.” and “W,” is an “‘s>xs>” matrix

and “B,” is a “s°x1” vector. The values “W,,b,” may be
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estimated using a least-squares technique. Accordingly, as
illustrated a denoising operator 216 may be learned for each
of the partitions 210, which may be leveraged to assist in
denoising of an image 110, an example of which is described
as follows and shown in a corresponding figure.

Denoising Via Linear Regression

FIG. 3 depicts a system 300 in an example implementation
showing the image denoising module 118 as employed the
external database constructed in FIG. 2 to denoise an image.
As the denoising operators are learned on square patches in
this example (although other shapes are also contemplated), a
noisy image “Y”” may be represented with a set of overlapping
square patches, i.e., “Y={y,).” To estimate the noise-free
patch “x,” from “y,)” the DC component “x,” and then
remaining component “Ax,” are estimated.

The image denoising module 118 is illustrated as including
a self-similarity module 302. The self-similarity module 302
is representative of functionality to process a patch 304 (e.g.,
a “noisy” patch) of the image 110 to obtain an initial denois-
ing result 306. For example, a noise reduced patch “%,” may
be approximated with a group of self-similar patches of “y,”
in <Y} i.e., “{y,€Y1d(y'",y,)<8}.” Although an ideal “%,” may
not have a high peak signal-to-noise ratio, it may still serve to
preserve a majority of the details and structures whereas the
noise is mostly suppressed. Block matching and hard thresh-
old strategies may also be adopted due to relative simplicity
and effectiveness. The DC component of the patch may then

be estimated as “ %o =m(X,).” Other single image denoising
approaches may also be adopted to produce “X; ” in the
framework described herein.

The initial denoising result 306 may then be used by a
partition location module 308 of the image denoising module
118 to locate one or more of the partitions 210 in the external
database 212 that correspond to the result. In this way, a
denoising operator 216 may be found in the external database
212 that corresponds to the initial denoising result 306
through correspondence with the found partitions 210.

The denoising operator 216 is then applied to the patch 304
to generate an external denoised patch 312, i.e., a patch that is
denoised by leveraging the external database 212. The exter-
nal denoised patch 312 may then be used along with the initial
denoising result 306 by an aggregation module 314 of the
image denoising module 118 to arrive at a denoised patch
316. Thus, the initial denoising result 306 based on self-
similarity and the external denoised patch 312 based on the
external database 212 may be combined to arrive at the
denoised patch 316 for use in denoising the image 110. Over-
lapping denoised patches 316 may then be combined for
individual pixels as a weighted average to arrive at a final
denoised result for the image 110 as a whole.

Continuing with the previous example, single image self-
similarity-based denoising algorithms may be used to find a
transformed test patch to search for matching anchor points
using a noise reduced patch to search the tree or anchor points
of the external database 212. For instance, the expression
“Ay~y,~X, ” may beused as the query to search fork-nearest
anchor points. Then, weights “a.’s” ofthe neighboring anchor
points may be estimated. The corresponding regression

[Tt

function “g

s

is applied on “Ay,” to generate “Ax,” i.e.,
“Ax,=g(Ay,).” Therefore, given a query patch, any approxi-
mate nearest neighbor search or k-nearest neighbor search
algorithm may be used to find its closest partitions and apply
corresponding regression functions, i.e., denoising operators.

Finally, for each pixel, predictions from each of the patches
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y,” overlapping the pixel are combined as a weighted aver-
age, where the weights are computed as “Bj:exp(—||)~(j—ck||22/
h).”

Implementation Example

Inthis example, the patch size is setas “s=5" in building the
tree, learning the regression functions, and so on. While for
generating the initial denoising result, a patch size of “s=8”
may be used since this is the typical patch size used for
self-similarity-based methods. For hierarchical clustering,
the branch factor is set to “B=10,” and the maximum depth is
set to “L=6,” which yields roughly 10° (leaf nodes) anchor
points. The tree (anchor points) is built once in this example
and used for any noise sigma. But, for different noise sigma,
denoising operators may be trained separately to optimize the
performance. In practice, these techniques work well even
with generic denoising operators trained by mixing samples
of various noise strengths. In one or more implementations,
when the distance of the initial de-noised patch “X” to its
corresponding “NN” anchor point is smaller than a pre-de-
fined threshold “t” (e.g., T=0:01), the anchor point itself is
directly returned as the regression result without applying the
regression, which saves computational resource consump-
tion. With larger trees with more anchor points, more patches
are directly replaced in this manner so is expected to be faster
while this will be traded off by the increased search time due
to the larger tree.

In one or more implementations, 15 million randomly
sampled training patch pairs for clustering with hierarchical
k-means are utilized, with the number of leaf nodes (anchor
points) varying in the range of 10K, 100K, 160K, 330K,
540K, 810K, and 1000K. Locally linear regression functions
were then trained on those anchor points. The performance
variation were compared with respect to the number of anchor
points by evaluating use on standard images with the Gauss-
ian noise set for 0=30. It was found in an example that pixel
signal-to-noise ratio (PSNR) does not change significantly
when the number of anchor points is larger than 100K for
each of the standard images. This indicates that 100K anchor
points sufficiently represent the variation of the mean-sub-
tracted input patch space for natural image patches. Addition-
ally, this approach may be performed with increased effi-
ciency over convention techniques because BxL patch
distance comparisons for each patch or nearest neighbor
search operations for each patch are performed, which have a
reduced complexity over the conventional techniques.

FIG. 4 depicts an example implementation 400 showing
comparison of a result of the tree-based linear regression
(TLR)image denoising technique described herein with other
conventional image denoising techniques. In FIG. 4, a col-
umn showing an example of an input image is shown. Another
column is shown showing a result of a tree-based linear
regression (TLR) techniques for image denoising techniques
described herein. Examples of conventional techniques
include the following:

“NLM”—Buades, B. Coll, and J. M. Morel. 4 review of
image denoising algorithms, with a new one. Multiscale
Modeling and Simulation, 4(2):490-530, 2005;

“KSVD”—M. Aharon, M. Elad, and A. Bruckstein. K-SVD:
An algorithm for designing overcomplete dictionaries for
sparse representation. IEEE Transactions on Signal Pro-
cessing, 4(2):490-530, 2005; and

“BM3D”—K. Dabov, A. Foi, V. Katkovnik, and K. Egiaz-
arian. Image denoising by sparse 3-d transform-domain
collaborative filtering. IEEE TIP, 16(8):2080-2095, 2007.
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As illustrated, the techniques described herein outperform
these conventional techniques in terms of visual quality, e.g.,
blurring effect and artifacts produced by imprecise and insuf-
ficient collection of self-similar patches. These techniques
have also been found to outperform these conventional tech-
niques in terms of pixel signal-to-noise ratio (PSNR). Further
discussion of these techniques may be found in relation to the
following procedures.

Example Procedures

The following discussion describes image denoising tech-
niques that may be implemented utilizing the previously
described systems and devices. Aspects of each of the proce-
dures may be implemented in hardware, firmware, or soft-
ware, or a combination thereof. The procedures are shown as
a set of blocks that specify operations performed by one or
more devices and are not necessarily limited to the orders
shown for performing the operations by the respective blocks.
In portions of the following discussion, reference will be
made to the environment 100 of FIG. 1 and the system 200 of
FIG. 2.

FIG. 5 depicts a procedure 500 in an example implemen-
tation in which external and internal patches are utilized to
denoise an image. A patch is predicted for each of a plurality
of noisy patches taken from an image by a computing device
by leveraging both a denoising operator learned from a data-
base of patches that are external to the image and a set of
self-similar patches of the patch that are included in the image
(block 502). For example, the database of patches that are
external may be learned “offline” to generate denoising
operators that are utilized to denoise a patch of an image. An
initial denoising result may be used to locate the patches in the
database (e.g., by walking a tree-like structure of the data-
base) as well as utilized in combination with the externally
denoised patch to arrive at a prediction for the noisy patch.

The image is recovered by aggregating the predicted
patches that overlap (block 504). Continuing with the previ-
ous example, the predicted patches that overlay may employ
a weighting to arrive at a final denoised result. A variety of
other examples are also contemplated without departing from
the spirit and scope thereof.

FIG. 6 depicts an example procedure 600 in which partition
of an external database is utilized to assist in denoising an
image. A denoising result is computed by a computing device
for a patch of an image (block 602). This may be performed in
a variety of ways, such as through use of self-similarity to
other patches in the image.

One or more partitions are located by the computing device
that correspond to the denoising result (block 604). Like
above, the denoising result may be used to walk a tree-like
structure of the external database 212 to locate corresponding
partitions 210.

A denoising operator is obtained by the computing device
that corresponds to the located one or more partitions (block
606). Each of the partitions 210, for instance, may have a
corresponding denoising operator 216. Therefore, location of
the partitions 210 may be utilized to find denoising operators
that correspond to the patch.

The obtained denoising operator is applied by the comput-
ing device to the image (block 608). This may be performed
alone, along with the initial denoising result as described
above, and so on. A variety of other examples are also con-
templated as further described above.

Example System and Device

FIG. 7 illustrates an example system generally at 700 that
includes an example computing device 702 that is represen-
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tative of one or more computing systems and/or devices that
may implement the various techniques described herein. This
is illustrated through inclusion of the image processing mod-
ule 112, which may be configured to process image data, such
as image data captured by an image capture device 104. The
computing device 702 may be, for example, a server of a
service provider, a device associated with a client (e.g., a
client device), an on-chip system, and/or any other suitable
computing device or computing system.

The example computing device 702 as illustrated includes
a processing system 704, one or more computer-readable
media 706, and one or more 1/O interface 708 that are com-
municatively coupled, one to another. Although not shown,
the computing device 702 may further include a system bus or
other data and command transfer system that couples the
various components, one to another. A system bus can include
any one or combination of different bus structures, such as a
memory bus or memory controller, a peripheral bus, a univer-
sal serial bus, and/or a processor or local bus that utilizes any
of a variety of bus architectures. A variety of other examples
are also contemplated, such as control and data lines.

The processing system 704 is representative of functional-
ity to perform one or more operations using hardware.
Accordingly, the processing system 704 is illustrated as
including hardware element 710 that may be configured as
processors, functional blocks, and so forth. This may include
implementation in hardware as an application specific inte-
grated circuit or other logic device formed using one or more
semiconductors. The hardware elements 710 are not limited
by the materials from which they are formed or the processing
mechanisms employed therein. For example, processors may
be comprised of semiconductor(s) and/or transistors (e.g.,
electronic integrated circuits (ICs)). In such a context, pro-
cessor-executable instructions may be electronically-execut-
able instructions.

The computer-readable storage media 706 is illustrated as
including memory/storage 712. The memory/storage 712
represents memory/storage capacity associated with one or
more computer-readable media. The memory/storage com-
ponent 712 may include volatile media (such as random
access memory (RAM)) and/or nonvolatile media (such as
read only memory (ROM), Flash memory, optical disks, mag-
netic disks, and so forth). The memory/storage component
712 may include fixed media (e.g., RAM, ROM, a fixed hard
drive, and so on) as well as removable media (e.g., Flash
memory, a removable hard drive, an optical disc, and so
forth). The computer-readable media 706 may be configured
in a variety of other ways as further described below.

Input/output interface(s) 708 are representative of func-
tionality to allow a user to enter commands and information to
computing device 702, and also allow information to be pre-
sented to the user and/or other components or devices using
various input/output devices. Examples of input devices
include a keyboard, a cursor control device (e.g., a mouse), a
microphone, a scanner, touch functionality (e.g., capacitive or
other sensors that are configured to detect physical touch), a
camera (e.g., which may employ visible or non-visible wave-
lengths such as infrared frequencies to recognize movement
as gestures that do not involve touch), and so forth. Examples
of output devices include a display device (e.g., a monitor or
projector), speakers, a printer, a network card, tactile-re-
sponse device, and so forth. Thus, the computing device 702
may be configured in a variety of ways as further described
below to support user interaction.

Various techniques may be described herein in the general
context of software, hardware elements, or program modules.
Generally, such modules include routines, programs, objects,



US 9,342,870 B2

11

elements, components, data structures, and so forth that per-
form particular tasks or implement particular abstract data
types. The terms “module,” “functionality,” and “component™
as used herein generally represent software, firmware, hard-
ware, or acombination thereof. The features of the techniques
described herein are platform-independent, meaning that the
techniques may be implemented on a variety of commercial
computing platforms having a variety of processors.

An implementation of the described modules and tech-
niques may be stored on or transmitted across some form of
computer-readable media. The computer-readable media
may include a variety of media that may be accessed by the
computing device 702. By way of example, and not limita-
tion, computer-readable media may include “computer-read-
able storage media” and “computer-readable signal media.”

“Computer-readable storage media” may refer to media
and/or devices that enable persistent and/or non-transitory
storage of information in contrast to mere signal transmis-
sion, carrier waves, or signals per se. Thus, computer-read-
able storage media refers to non-signal bearing media. The
computer-readable storage media includes hardware such as
volatile and non-volatile, removable and non-removable
media and/or storage devices implemented in a method or
technology suitable for storage of information such as com-
puter readable instructions, data structures, program mod-
ules, logic elements/circuits, or other data. Examples of com-
puter-readable storage media may include, but are not limited
to, RAM, ROM, EEPROM, flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other
optical storage, hard disks, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or
other storage device, tangible media, or article of manufac-
ture suitable to store the desired information and which may
be accessed by a computer.

“Computer-readable signal media” may refer to a signal-
bearing medium that is configured to transmit instructions to
the hardware of the computing device 702, such as via a
network. Signal media typically may embody computer read-
able instructions, data structures, program modules, or other
data in a modulated data signal, such as carrier waves, data
signals, or other transport mechanism. Signal media also
include any information delivery media. The term “modu-
lated data signal” means a signal that has one or more of its
characteristics set or changed in such a manner as to encode
information in the signal. By way of example, and not limi-
tation, communication media include wired media such as a
wired network or direct-wired connection, and wireless
media such as acoustic, RF, infrared, and other wireless
media.

As previously described, hardware elements 710 and com-
puter-readable media 706 are representative of modules, pro-
grammable device logic and/or fixed device logic imple-
mented in a hardware form that may be employed in some
embodiments to implement at least some aspects of the tech-
niques described herein, such as to perform one or more
instructions. Hardware may include components of an inte-
grated circuit or on-chip system, an application-specific inte-
grated circuit (ASIC), a field-programmable gate array
(FPGA), a complex programmable logic device (CPLD), and
other implementations in silicon or other hardware. In this
context, hardware may operate as a processing device that
performs program tasks defined by instructions and/or logic
embodied by the hardware as well as a hardware utilized to
store instructions for execution, e.g., the computer-readable
storage media described previously.

Combinations of the foregoing may also be employed to
implement various techniques described herein. Accordingly,
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software, hardware, or executable modules may be imple-
mented as one or more instructions and/or logic embodied on
some form of computer-readable storage media and/or by one
or more hardware elements 710. The computing device 702
may be configured to implement particular instructions and/
or functions corresponding to the software and/or hardware
modules. Accordingly, implementation of a module that is
executable by the computing device 702 as software may be
achieved at least partially in hardware, e.g., through use of
computer-readable storage media and/or hardware elements
710 of the processing system 704. The instructions and/or
functions may be executable/operable by one or more articles
of manufacture (for example, one or more computing devices
702 and/or processing systems 704) to implement techniques,
modules, and examples described herein.

The techniques described herein may be supported by vari-
ous configurations of the computing device 702 and are not
limited to the specific examples of the techniques described
herein. This functionality may also be implemented all or in
part through use of a distributed system, such as over a
“cloud” 714 via a platform 716 as described below.

The cloud 714 includes and/or is representative of a plat-
form 716 for resources 718. The platform 716 abstracts
underlying functionality of hardware (e.g., servers) and soft-
ware resources of the cloud 714. The resources 718 may
include applications and/or data that can be utilized while
computer processing is executed on servers that are remote
from the computing device 702. Resources 718 can also
include services provided over the Internet and/or through a
subscriber network, such as a cellular or Wi-Fi network.

The platform 716 may abstract resources and functions to
connect the computing device 702 with other computing
devices. The platform 716 may also serve to abstract scaling
of resources to provide a corresponding level of scale to
encountered demand for the resources 718 that are imple-
mented via the platform 716. Accordingly, in an intercon-
nected device embodiment, implementation of functionality
described herein may be distributed throughout the system
700. For example, the functionality may be implemented in
part on the computing device 702 as well as via the platform
716 that abstracts the functionality of the cloud 714.

CONCLUSION

Although the invention has been described in language
specific to structural features and/or methodological acts, it is
to be understood that the invention defined in the appended
claims is not necessarily limited to the specific features or acts
described. Rather, the specific features and acts are disclosed
as example forms of implementing the claimed invention.

What is claimed is:

1. A method comprising:

locating a noisy patch by a computing device within an

image to be denoised;

computing an initial denoising result by the computing

device for the noisy patch;

locating one or more of a plurality of partitions by the

computing device that correspond to the initial denois-
ing result for the noisy patch, each of the plurality of
partitions formed as clusters based on clean patches
taken from training samples of training images that do
not have noise that is to be removed;

obtaining a denoising operator by the computing device

associated with the located one or more partitions that
correspond to the initial denoising result for the noisy
patch and that is learned from the training samples of the
training images; and
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applying the obtained denoising operator by the computing
device to the noisy patch to compute a denoising result
for the noisy patch.

2. A method as described in claim 1, wherein the denoising
operator is locally linear.

3. A method as described in claim 1, wherein the partitions
are formed using a hierarchical k-means clustering technique,
k-means clustering technique, agglomerative clustering,
spectral clustering, or affinity-based clustering.

4. A method as described in claim 1, wherein the denoising
operator of respective said partitions is formed using a piece-
wise or locally linear regression technique.

5. A method as described in claim 1, wherein the partitions
are arranged in a tree-like structure.

6. A method as described in claim 1, wherein the initial
denoising result for the noisy patch is computed using a
self-similarity technique.

7. A method as described in claim 6, wherein the self-
similarity is based at least in part on patch recurrence in the
image.

8. A system comprising:

one or more modules implemented at least partially in

hardware, the one or more modules configured to per-
form operations comprising:

forming a plurality of partitions of training samples of

training images according to clean patches taken from
the training images that do not have noise that is to be
removed;

calculating a denoising operator for each said partition; and

providing the calculated denoising operator for use in per-

forming a denoising operation for a noisy patch of an
image to be denoised in response to identification of at
least one said partition that corresponds to an initial
denoising result for the noisy patch.

9. A system as described in claim 8, wherein the partitions
are formed using a piece-wise or locally linear regression
technique.
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10. A system as described in claim 8, wherein the denoising
operator is locally linear.
11. A system as described in claim 8, wherein the partitions
are arranged in a tree-like structure.
12. A system as described in claim 8, wherein the initial
denoising result is based at least in part on patch recurrence.
13. A method comprising:
forming a plurality of partitions of training samples of
training images by one or more computing devices
according to clean patches taken from the training
images that do not have noise that is to be removed;
calculating a denoising operator by the one or more com-
puting devices for each said partition; and
providing the calculated denoising operator by the one or
more computing devices for use in performing a denois-
ing operation for a noisy patch of an image in response to
identification of at least one said partition that corre-
sponds to an initial denoising result for the noisy patch.
14. A method as described in claim 13, wherein the parti-
tions are formed using a piece-wise or locally linear regres-
sion technique.
15. A method as described in claim 13, wherein the denois-
ing operator is locally linear.
16. A method as described in claim 13, wherein the parti-
tions are arranged in a tree-like structure.
17. A method as described in claim 13, wherein the initial
denoising result is based at least in part on patch recurrence.
18. A method as described in claim 1, wherein mean values
of'the initial denoising result for the noisy patch are added to
the denoising result for the noisy patch after the denoising
result is computed for the noisy patch.
19. A method as described in claim 1, wherein the initial
denoising result for the noisy patch is computed using patches
from within the image.

#* #* #* #* #*



